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If you would like further information about our author service or EPL in general, please visit www.epljournal.org or e-mail us at info@epljournal.org Abstract -The method of effective reading of multifractal properties is proposed. The method consists in the analysis of a given signal together with the analysis of an integrated signal. A practical way to separate monofractal-type signals from other signals is given. The method is applied to 24-hour ECG recordings of RR-interbeat intervals to assess the effect of aging on autonomic regulation of the heart in healthy adults. Heart rate variability is evaluated by multifractal analysis in the VLF band. A switch from mono-to multifractality is observed between diurnal and nocturnal parts of series in the group of young adults. With aging the multifractal structure of nocturnal signals declines. The observed changes can be related to the circadian alternation in the central mechanisms controlling the cardiovascular system which becomes impaired with advance in age in human. Indices for age impairment of autonomic regulation are proposed.
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Introduction. -A heart rate signal, called RR-series -a sequence of time intervals between subsequent normal heart contractions, is an example where multifractal analysis allows to qualify and quantify states of autonomic nervous system (ANS) control over the heart [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] . However available methods and tools seem to be not powerful enough to discern reliably the specificity of data organization [17] [18] [19] [20] . In this letter we propose how to use two popular multifractal approaches: wavelet transform modulus maxima (WTMM) [21] and multifractal detrended fluctuation analysis (MDFA) [22] , and how to read information provided by multifractal spectra to avoid at least some of the numerical traps. At present, a popular way to limit unwanted effects is to consider group multifractal spectra. But for diagnostic purposes in clinics the method has to be able to cope with each signal individually.
The method proposed relies on working together with two multifractal spectra calculated from a given signal. The first spectrum describes properties of a raw signal, while the second spectrum is calculated from the integrated data. In this way the special attention can be (a) E-mail: fizdm@univ.gda.pl payed to spectra concentrated at 0 or 1 which are known to be misleading [19] . Our proposition is based on wide simulation experiments in which a popular software of Physionet [23] was applied to synthetic data: fractional Brownian motion B H (t) -the most known monofractal process (H ∈ (0, 1) is the self-similarity index), and binomial cascade M m (t) -the celebrated multifractal signal (m ∈ (0.5, 1) is a deterministic multiplier, see, e.g., [22, 24] for description).
The interaction between cardiac sympathetic and vagal activity -two parts of the cardiac autonomic function, causes changes in the beat-to-beat intervals. Standard measures of this variability decline with age, see [25] for review. The frequency components of the heart rate are influenced by aging also. Especially, the power in the highfrequency (HF) band (0.15, 0.4)Hz which is attributed to the direct vagal responses to a respiratory cycle, declines at the earliest at around 20 years of age. The sympatho-vagal reactions to the baroreceptors activity are considered as primary sources of properties linked to the low-frequency (LF) band (0.04, 0.15)Hz. A clear HF/LF picture is observed in rather short recordings (minutes) only [26] . In recordings of hours about 12% of the spectral power resides in frequencies below HF and 68005-p1 D. Makowiec et al.
LF: the very-low-frequency (VLF) interval (0.0033, 0.04)Hz. The physiologic mechanisms responsible for VLF are discussed. It is known that VLF power can be reduced by atropine which lowers the vagal activity, and by ACE inhibition which reflects the activity of the renin-angiotensin-aldosterone system [27] .
Fractal properties of the power spectra in VLF (and ultra-low-frequency (ULF: 0.0033 Hz)) have been analyzed for more than 20 years [1] [2] [3] [4] [5] 7, [10] [11] [12] 15, 16, 20, 28, 29] . They are found to have prognostic value for cardiac patients [6, 16, 29] though they are not fully clear when used for an individual person [20] .
It is known that impaired vagal system strongly influences the multifractal spectrum of RR-series [4] . Moreover, in patients with primary autonomic failure which is an example of neourogenic dysfunction of the sympathetic nervous system, the multifractality is preserved though specific multifractal properties are distinct [9] . Similar results were found in signals received from patients with chronically activated sympathetic system either due to the dysfunction of the left ventricle [13] or during percutaneous transluminal coronary angioplasty which leads to vagal dominance in response to induced ischaemia [30] . Fractal properties related to the circadian rhythm has been found to yield additional insights about the autonomic control [16, 31] .
Since each part of the Fourier spectra is supposed to describe different aspects of ANS regulation, one can ask if the multifractal analysis is able to study these different phenomena separately. The answer is yes, see [14, 16, 18, 32] . Therefore, if one assumes that the average RR-interval length is about 0.8 s then the frequency bands can be interpreted as the following time intervals: LF as 8-31 beats, VLF as 32-420 and ULF as over 420 beats. The idea of considering multifractality of RR-signals in frequency bands was proposed in [14] to differentiate patients suffering from left ventricle systolic dysfunction from a healthy population. In the following the method is specified to be able to read basic multifractal properties from a single signal (second section). Then we test if the method reliably restores known properties of synthetic signals (third section). Finally, we apply the method to study the effect of aging in healthy individuals (fourth section). Although our results are collected in age groups, the statistical analysis is performed for each RR-signal separately. This enables us to propose the measure of healthy aging of an otherwise healthy person, hence could be useful in clinical practice.
Reading multifractal spectra. -The multifractal approach aims at relating a local Hölder singularity h found in a signal X(t)a tt with the Hausdorff dimension D(h)o fas e to ft where the same singularity h occurs, see, e.g., [24] . The multifractal formalism offers a way to get a multifractal spectrum from scaling properties of usually erratic fluctuations of a signal X(t). These fluctuations, estimated in different scales n =2, 3,..., are quantified by moments q in the, so-called, partition function P (q, n). The scaling property of the partition function, i.e., P (q, n) ∼ n τ (q) determines the scaling exponent function τ (q) which leads, via Legendre transform, to the multifractal spectrum (h, D(h)).
The multifractal spectrum is said to give a compact description to such crucial aspects of a signal as: a) the most probable singularity h max -singularity which points at the maximum of the spectrum; b) Hurst exponent -a self-similarity exponent of a signal estimated from the direct relation between τ (2) and the long-range correlation exponent; c) rare events -h l obtained when q →∞,andasmooth part h r which corresponds to q →−∞;
d) a spectrum width -defined as Δ = h r − h l .
However numerical methods WTMM or MDFA applied to real signals often provide deceiving results. In fig. 1 we present typical multifractal spectra obtained from the RR-series of healthy young people. Only some spectra have the expected parabola-like shapes. Often multifractal spectra are wild shaped, which makes it impossible to read the properties from the above list. A lot of advice is proposed on how to overcome these difficulties. First of all, it is advised to use in parallel tools of different numerical origin [33] . Next, a good rule of thumb is to question results if a multifractal spectrum concentrates at its limit values, namely 0 or 1 [19] . Finally, it is said that specific knowledge about an analyzed phenomenon should be carefully taken into consideration [17, 18, 32] .
To enhance the self-similarity properties in P (q, n), usually an integrated signal is investigated in place of raw data. Theoretical studies claim that the multifractal spectrum of an integrated signal is the same as the spectrum of a raw signal but shifted by 1 to the right [24] . To test how this relation is held by WTMM and MDFA tools, we collect in fig. 1 the spectra obtained from raw signals, the left column, and from integrated series, the right column.
The multifractal spectra in the first row of fig. 1 have regular shapes. The properties a)-d) can be easily read. Moreover, the left panel plot when shifted by 1 coincides with the right panel plot approximately well. The second row of fig. 1 gives also an example of the shapes of both spectra: raw data and integrated data show a parabolalike shape. However, when we compare the location of the main spectrum characteristics h max or h l o ft h el e f tp a n e l plot to the corresponding points in the plot in the right panel, we see that the multifractal spectrum of integrated data is moved to the right by about 0.4 only. Does it mean a further numerical problem or is there some information about data organization hidden behind this result? In the next section it will be shown that the difference between the most probable singularity in the multifractal spectrum
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Aging by multifractal analysis of integrated signal h int max and in raw data spectrum h max , namely Δ max = h int max − h max , is crucial for the signal identification. This difference, together with the width of a spectrum, provides the ability to distinguish monofractals from other types of data.
The remaining two rows of fig. 1 show spectra which are of zigzag type. Such peculiar shapes arise when a Legendre transform is applied to non-monotonic functions. It can happen when dealing numerically with small numbers and/or a signal is nonstationary [18, 32] . The third row in fig. 1 represents data for which one of the multifractal spectra, either raw or integrated, is regular. In the fourth row we plot spectra which are both of the zigzag type. Since the points which form such plots are subsequently consistent, they cannot be ignored -they need reinterpretation. Our idea is to determine the most probable singularity h max or h int max (by going back to the meaning of the scaling exponent function τ (q)) by τ (q)a tq =0. If q is close to 0, then the scaling exponent function τ (q) is expected to be well approximated by a quadratic function with maximum at q = 0. Therefore in the following h max = τ ′ (q =0). The regular properties of data are usually of less interest. For that reason here we do not discuss h r 's. When focusing on the left wings (corresponding to rare events h l ) then the effect of linearization in τ (q) has to be taken into account [34] . In the case of monofractal signals, it means that limit values of τ (q)| q→±∞ change randomly from one sample path to another sample path. Therefore, we limit the multifractal formalism to moments |q| < 5. Also a spectrum width will be estimated only due to the left-wing properties found in the short distance from h max .Namely , as a measure of the spectrum width we propose Δ 1/2 = |h(q =0)− h(q =2)|. We call this measure 1/2 width.
Multifractal analysis on synthetic data. -There are two main types of processes in which scaling properties of partition functions can be observed: self-similar processes -such as fractional Brownian motion B H (t), and multiplicatively constructed processes on a tree -such as binomial measure M m (t). spectrum is located at (1 + H, 1) . The scaling properties can be studied for the incremental process path also, B inc H (i)=B H (i +1)− B H (i). In this case a multifractal spectrum is found at (0,1). Therefore the maxima in the numerical multifractal spectra are at H, 1+H and 0 for B H , B int H , B inc H , respectively. Moreover, the Hurst exponent takes the same value as the maximum. These features are specific to monofractal signals. They reflect the relation between the long-range correlation in the incremental process and the self-similarity of the process [24] . Notice that if increments are independent, then Δ max =1/2. The multifractal properties of B H (t) in LF, VLF and ULF scales, separately, were studied by WTMM and MDFA in [14] . In general, it was found that MDFA leads to wrong results in the LF band while WTMM works incorrectly in the ULF band.
For a typical path B H (i)o fB H (t), a point spectrum at (H, 1) is expected. For an integrated signal
For a signal path M m (i) of the binomial measure M m (t), a parabola-shaped spectrum is observed with maximum h max dependent on m. In the case of deterministic construction if |m − 0.5| < 0.18, then the maximum is attained at h max (m) − 1 < 0.1. Moreover, in that case the spectrum is narrow. For example, for m =0.53, the direct calculations provide h max ≈ 1.007 and Δ 1/2 ≈ 0.03 and, for m =0.60, h max ≈ 1.03 and Δ 1/2 ≈ 0.11. The case of m =0.60 is of particular interest for us because its multifractal properties appear as the most similar to the properties obtained for heart interbeat signals. In fig. 2 we confront the theoretical spectrum 68005-p3 D. Makowiec et al. of M 0.60 with the spectra obtained numerically in LF, VLF and ULF bands by MDFA and WTM methods. It is noticeable that both methods overestimate rare events, which influences the left wing and the value of the 1/2 width. The increase in numerically obtained widths is observed also if a signal is a mixture of two B H 's with similar H values [32] . Therefore the width of a spectrum alone cannot work as the reliable argument for multifractality.
Fortunately the incremental process M inc m (i)=M m (i + 1) − M m (i), called binomial noise, has its spectrum shifted to the left by a value significantly smaller than 1, and dependent on m. In fig. 3(a) we show how Δ max depends on m when scaling is performed in intervals corresponding to LF, VLF and ULF bands. This property holds also if the multiplier m becomes stochastic, see fig. 3(b) , (c).
In the simulation at each iteration step m was chosen at random from uniformly distributed values in the interval (0.5, 2 <m>−1).
If signals are shuffled at random, then Δ max takes values close to 0.5 as in the case of monofractal processes with independent increments. Therefore we claim that the observed differences in the location of h int max and h max , which cause that Δ max is sharply smaller than 0.9 in case of WTMM, do not result from the positivity of the binomial measure noise and/or distribution of increments.
Concluding, WTMM and MDFA estimators provide the possibility to differentiate monofractal scaling from other scaling types sufficiently reliably. The spectra obtained via the WTMM estimator applied to the VLF band more accurately identify the typical paths of B H (i)a n dM m (t) than the spectra given by the MDFA estimator or by WTMM in the remaining bands.
Study of human aging by multifractal analysis of heart rate. -
Description of the series.
The ECG signals were recorded in 124 healthy subjects divided into three groups: young adults: 36 persons of 18-26 age, middle-aged adults: 40 persons of 45-53 age, and the elderly:4 8p e r s o n s of 65-94 age (mean age: 77.0 ± 8.2). Two 6-hour parts of normal-to-normal RR-interbeat sequence were selected from each 24 h RR-signal. A long decrease in the heart rate during night hours was identified as sleep and the sleep period was designated suitable. As a day-time part, called wake, a 6-hour sequence after 3 p.m. was usually considered but in some cases a different starting hour was chosen to preserve the stationarity in the best way.
Multifractal spectra. Figure 4 presents multifractal spectra calculated from the corresponding averages of the partition functions of the given age groups. Consistent changes with age are evident for the spectra obtained from raw wake signals. The spectrum maxima move to higher h values with aging. Furthermore, all these spectra are shifted to the left by about 1 when compared to the spectra obtained from the integrated signals. Hence the spectra of wake signals can be compared to the spectra of monofractals even if the width of the spectrum of the elderly could be considered as wide. The spectra of sleep signals are different. The raw signal spectra are wide but they are becoming essentially narrower with aging. Together their maxima h max 's move to lower values. Only, the spectrum obtained from integrated signals of elderly people is shifted to the right by about 1. Spectra from integrated signals of young and middle-aged adults are shifted to the left by a value significantly lower than 1.0.
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Aging by multifractal analysis Therefore the sleep signals for young people have other than monofractal scaling.
The group properties read from individual spectra and then averaged are extremely consistent with the values obtained from the group means of partition functions, see table 1, which makes it possible to diagnose signals individually. For example, since the location of the maximum in the spectrum of wake integrated signals increases significantly with age, then h int max can be chosen as the index of aging. In the case of our signals it appears that the limit h int max =1.15 separates the elderly group from young adults with sensitivity 73% and specificity 81%. The next index can be extracted by exploring the dependence of the Δ max value on age in sleep signals. It occurs that assuming Δ max > 0.85 we receive the indicator of the advancing age characterized by sensitivity 71% and specificity 81%. Similarly an important increase in the 1/2 width of wake spectra and a sharp decrease in the 1/2 width of the spectra obtained from integrated sleep parts should be also useful in detecting aging.
The values of Hurst exponent obtained for integrated signals are consistent with the results obtained by others [11, 16] . Notice the agreement between values of Hurst exponent and h max for wake signals. This property is a characteristic feature of monofractal signals. Considering Hurst exponent dependence on age, we observe that the difference between Hurst exponents obtained from daily and nocturnal raw signals (less than 0.01) discriminates the young from the elderly with sensitivity 69% and specifity 86%.
Conclusions. -RR-signals are easily measured by noninvasive means. For that reason to gain the possibility of reading the information carried by RR-signals is a longlasting expectation. Together a hope is expressed to use this information in the evaluation of the autonomic control over the heart in clinical diagnosis [35] [36] [37] [38] .
In the following we propose a method on how to investigate the 24-hour Holter recording of an individual person. The method is based on a thorough comparison between the nocturnal and diurnal multifractal spectra obtained from a raw and an integrated signal. By applying our method to recordings obtained from healthy volunteers, we were able to quantify the difference in the ANS control between daily activity and nocturnal rest as a switch from mono-to multifractal data organization. This difference in the data organization between daily activity and nocturnal rest turned out to be impaired when a human became older. Therefore, we could point at properties accessible by multifractal tools which differentiated qualitatively young people from elderly.
It is known that the vagal control is dominant during non-REM sleep, while during REM and wake periods the sympathetic nervous system is active [39] . This dominance falls due to aging [40] . Hence the difference found by 68005-p5 D. Makowiec et al. us between wake and sleep spectra could be used as a noninvasive estimator of the condition of the vagal part of ANS and/or changes in the vagal control organization in the total balanced activity of ANS.
Our observations are consistent with the opinion that differences in the autonomic control due to the healthy aging should be related to changes that are emerging in the vagal part of ANS, which in consequence, influence the activity of the sympathetic system [9, 16, 41, 42] . Finally, let us notice that we detected the significant influence of the vagal control in the VLF band though the standard heart rate variability measures attributes the direct vagal control to definitely shorter scales. * * * 
